Reverse phase protein array (RPPA) combined with computational analysis to unravel relevant prognostic factors in non-small cell lung cancer (NSCLC): a pilot study SUPPLEMENTARY MATERIALS
Model Extension
The EGFR-IGF1R network defined in [1, 2] is a key pathway in cancer pathogenesis and progression, mainly in Non Small Cell Lung Cancer (NSCLC). It describes interactions between epidermal growth factor receptor (EGFR) and insulin-like growth factor 1 receptor (IGF1R), together with their downstreams Mitogen-activated protein kinases (MAPK) and the inositol phospholipid kinases axis (PIK3) (Fig S1) . The corresponding Ordinary Differential Equations (ODEs) model has 10 state variables, 3 input signals and a parameter vector of 39 entries. First of all, we extended this model adding 8 further proteins from the RPPA dataset presented in the main text. The dataset comprises measures of 51 signaling proteins on two tumor samples of stage IV lung adenocarcinoma. In order to identify the most discriminant proteins between the two samples, we calculated the ratio of each protein value among the two patients (s-OS vs l-OS). This strategy was necessary because RPPA values cannot be compared among different proteins but only among different samples of the same protein. Indeed, these values are non dimensional since they do not quantify a specific physical quantity but they are an index of the expression level of a protein. This index is strictly related with the antibody-analyte affinity constant. From this classification, we selected the first 10 endpoints with high ratio and the last 10 with low ratio, as shown in Table S2 and S3. Then, from this set of 20 proteins, we excluded those that were already in the model and, for the remaining ones, we executed a bibliographic research in order to find out only those related with the EGFR-IGF1R model in [1, 2] . From [3] and [4] we extended the previous model adding 5 nodes and 7 interactions:
In order to validate the insights presented above, we also queried the KEGG PATHWAY Database, a reference knowledge base containing interaction maps of signal transduc-tion, cellular processes and human diseases [5] . In this database, we entered, as key-words, the names of the 15 selected endpoints one after the other and chose 'hsa' (Homo Sapiens) as organism. From the resulted pathways, we analyzed only those relevant for cancer disease. Through view inspection of the pathways reported in Table S1 , we not only confirmed some of the reactions inserted from the literature but we also included 3 further nodes and 5 further interactions: Table S4 summarizes the procedure explained above.
Model Description
The resulting pathway (shown in the main text) has been modeled using ODEs, in order to investigate the time behavior of all the species included in it. Two widely accepted kinetic laws were used to model biochemical reactions: the law of mass action and Michaelis-Menten kinetics [6] . The first one is used to describe the degradation of a species while the second one models the activation or inhibition of a protein through an enzyme. As an example of the mass action law, we report the case of EGFR degradation, according to the following chemical reaction: where k MEK:ERK is the catalytic rate, KM MEK:ERK is the Michaelis Menten constant and ERK T is the total concentration of protein ERK. Notice that the above Michaelis Menten formulation explicits the possible time-varying enzyme concentration [7] . Since our RPPA dataset contains mainly measures of phosphorylated proteins, the state variables included in the model describe only their active form. As a consequence, we wrote the model considering the conservation law and assuming (as it is common in this field) that the total amount of each protein is constant and equal to x i T i=7,...17. Therefore regarding the above example the following constraint holds:
We also assumed that the total mean values of the number of molecules in the cells do not change significantly in NSCLC with respect to normal cells. The complete system has 19 state variables, 3 input signals and 65 kinetic parameters. The corresponding ODEs are reported below. Table S5 and Table S6 list names and nominal values of initial and total concen-trations of variables, input signals and kinetic parameters. We did not change nominal values of parameters in [1, 2] . New parameters introduced with the extension proce-dure were set according to the following rules of thumb. Degradation constants and initial concentrations of the receptors cKIT and ERBB4 are equal to those of EGFR and IGF1R. To the kinetic constants of the added activation/inhibition reactions, we assigned values around the center of the interval between the minimum and the maxi-mum order of magnitude of the kinetic parameters in [1, 2] . We used the same logic for Michaelis-Menten constants and total concentrations.
Model Validation
Through the calibration procedure explained in the main text, we selected 10 parame-ters which were used to calibrate the mathematical model for each of the two patients. Table S7 shows parameter values returned by the algorithm, for the l-OS and s-OS patients. In order to validate our model, we tested its predictions on a validation set, i.e. a set of proteins included both in the model and in the RPPA dataset but not used for the calibration. These proteins are: EGFR, IGF1R, ERBB4, CASP, MEK, ERK, LKB1, AMPK and mTOR. From this set we first excluded EGFR, IGF1R and ERBB4 because, since they are receptors, they are at the top of the signaling cascade and their temporal behavior is not affected by the 10 fixed parameters. Each of their equations contains only the corresponding degradation parameter g which has the same value in both patients. Second, we kept out CASP protein, because, in the RPPA dataset, differ-ent members of the Caspase family (CASP3, CASP6 and CASP9) exhibit incoherent activation levels. Finally, among the remaining ones we selected the 3 most relevant proteins using a combination of two well-known centrality metrics: the closeness cen-trality (CC) and the eccentricity (E). Consider a graph G defined as G=(N,E) where N is the number of vertexes and E the number of edges, for a given node n 2 G, the close-ness centrality index is the reciprocal of the sum of all shortest paths between the node n and all other nodes, while the eccentricity is the reciprocal of the longest shortest path between node n and all other nodes. We calculated these measures with CentiScaPe [8] , a Cytoscape [9] plug-in that computes several network centrality parameters for identifying network nodes, relevant from a topological point of view. Table S8 shows the resulting values of CC and E calculated by the software for ERK, AMPK, mTOR, LKB1 and MEK. Thus, we validated our model on the first 3 proteins of this rank, ERK, AMPK and mTOR (Table S9) .
